ABSTRACT The interest of indoor localization based on the IEEE 802.11 wireless local area network signal increases remarkably to support pervasive computing applications, but the process of fingerprints calibration, which is point-by-point conducted manually, is time consuming and labor intensive. To address this problem, we propose to use a novel improved semi-supervised manifold alignment approach by integrating the execution characteristic function to reduce both the number of reference points (RPs) and sampling time involved in the radio map construction. Specifically, the radio map is constructed from a small number of calibrated fingerprints and a batch of user traces, which are sporadically collected in the target environment. The user traces enable to compensate for the effort of reducing the calibration cost as well as improving the effectiveness of radio map. In addition, the cubic spline interpolation approach is applied to enrich the radio map with the limited number of RPs. Extensive experiments show that the proposed approach is capable of not only reducing the effort of fingerprints calibration remarkably, but also guaranteeing the high localization accuracy.
I. INTRODUCTION
With the rapid development of various wireless devices and techniques, the indoor practical location-aware systems are of growing interest and becoming increasingly prevalent [1] . To design such systems, one of the most important fundamental issues is to identify the user locations with high localization accuracy. Since the Global Position System (GPS) [2] cannot meet the accuracy demand in many indoor or underground environments, various indoor localization systems have become to be significantly studied in recent decade. The existing indoor localization systems are mostly based on the Wireless Local Area Network (WLAN) [3] , Radio-frequency Identification (RFID) [4] , ultrasound [5] , Bluetooth [6] , ultrawideband [7] , motion sensors [8] , vision images [9] , and audible sound [10] . Due to the advantages of providing ubiquitous coverage and depending on the inexpensive devices to set up the infrastructure, the WLAN based solution is recognized to be particularly effective [11] . In this solution, a variety of localization approaches based on Angle of Arrival (AOA) [12] , Time Difference of Arrival (TDOA) [13] , Time of Arrival (TOA) [14] , and Received Signal Strength (RSS) [15] schemes have emerged. The former three schemes require special hardware to collect the measurement data, which are not appropriate for the off-the-shelf terminals, like the smartphones and tablets, whereas the latter scheme is much easier to be applied.
The RSS based localization approach involves two phases, namely offline and online phases [16] . In offline phase, the RSS data from the hearable Access Point (AP) are collected at each Reference Point (RP) to construct the radio map. Then, in online phase, the newly-collected RSS data are matched against the pre-constructed radio map to obtain the best matching of the target location. The radio map provides a wealth of location information since the RSS data generally change noticeably with the variations of the distance and orientation from the APs to target. However, the way to construct a highly effective radio map always forms a challenging problem due to the complicated variation of signal propagation. To address this problem, a large number of labeled RSS data are usually required to be collected, which will result in the huge time and labor cost. For example, letting N l = 100 be the number of RPs and N s = 100 be the number of RSS samples at each RP with the sampling rate of 1 Hz, there will be about 2.78 hours required for radio map construction at least, let alone the tedious process of the manual fingerprints calibration. The remarkably large time and labor cost for fingerprints calibration hinders the widespread application of RSS based localization approach especially for the large-scale environment with high-density fingerprints calibration requirement. In this paper, we aim to construct the radio map with the significantly reduced calibration effort in offline phase, while guarantee the high localization accuracy in online phase.
To meet this goal, we propose to construct a semisupervised hybrid fingerprint database, which makes up of a small number of labeled fingerprints with the corresponding known locations and a batch of unlabeled user traces without location labeling. The most attractive property of our system is to use the semi-supervised manifold alignment approach to label the sporadically collected user traces based on a limited number of labeled fingerprints for the sake of substantially reducing the fingerprints calibration effort. In addition, we apply the Execution Characteristic Function (ECF) to minimize the number of RSS samples required to be collected at each RP, and then the cubic spline interpolation approach to enrich the raw sparse radio map by interpolating every new fingerprint from its neighbors.
The three main contributions of this paper are summarized as follows. First of all, we apply the semi-supervised manifold alignment approach with the new designed neighbor weight matrices to construct the radio map by using a small number of labeled fingerprints to substantially reduce the fingerprints calibration effort. Second, we rely on the ECF to minimize the number of RSS samples required to be collected at each RP to reduce the calibration effort further. Third, we conduct extensive experiments in a real-world indoor WLAN environment to verify the effectiveness and efficiency of our system in terms of localization accuracy and calibration effort.
The rest of the paper is organized as follows. After reviewing some related work in Section 2, we describe the way to apply the ECF and cubic spline interpolation approach to reduce the fingerprints calibration effort in Section 3. In Section 4, we present the most important contribution of this paper, the improved semi-supervised manifold alignment approach used for indoor hybrid fingerprint database calibration. Then, in Section 5, we discuss the improvement of our system in localization accuracy by parameters optimization. Section 6 shows the experimental results, and finally the conclusion of the paper is given in Section 7. 
II. RELATED WORK A. INDOOR WLAN LOCALIZATION
Indoor WLAN localization approaches can be divided into two main categories, namely trilateration and RSS based approaches [17] . The trilateration based approach usually assumes that the AP locations are known and the relations between the collected RSS data and the distance from each AP to the target can be given by a propagation model. In this approach, at least n+1 APs are required to estimate the target location in the n-dimensional (nD) space [18] . Although the trilateration based approach is with low calibration and implementation effort, it easily suffers from the diversity of target devices and complicated variation of signal propagation [19] . On the contrary, the RSS based approach has been well applied in many existing indoor localization systems [20] - [22] . This approach can be classified into the deterministic and probabilistic approaches. The previous one depends on the deterministic inference scheme to infer the target locations [22] - [25] , while the latter one is based on the statistic parameters of RSS distribution to locate the target at the position with the highest confidence probability [26] - [30] . In general, the performance of RSS based approach is highly determined by the quality and quantity of the calibrated fingerprints in target environment. However, the process of fingerprints calibration always requires huge time and labor cost, which hinders its widespread application.
B. CALIBRATION EFFORT REDUCTION
Many studies have paid significant attention to reducing the calibration effort for radio map construction by using a limited number of labeled fingerprints. Compared with the labeled fingerprints, the unlabeled ones are more convenient to be collected by using the concept of crowdsourcing. In [31] , according to the assumption that the similar RSS data are corresponding to the nearby locations, the authors constructed a hybrid fingerprint database by using both the labeled and unlabeled fingerprints. Ouyang et al. [32] applied the generative and discriminative semi-supervised learning approach to enrich the radio map based on a large number of unlabeled fingerprints. Pan et al. [33] integrated the collaborative filtering and graph based semi-supervised learning approaches to reduce the calibration effort as well as estimate the locations of both the APs and target. Goldshtein et al. [34] relied on the Hidden Markov Model (HMM) to explore the RSS change regularity information of the unlabeled user traces for radio map enrichment.
Different from the studies above, we apply the ECF to minimize the number of RSS samples required to be collected at each RP, and meanwhile employ the semi-supervised manifold alignment approach to make use of the unlabeled user traces with timestamps for radio map construction. The purpose of using the concept of timestamps is to preserve the neighborhood relations of every two consecutive RSS samples in each user trace. Our experiments demonstrate the effectiveness of incorporating the timestamps into manifold graph construction. In addition, the cubic spline interpolation approach is used to compensate the performance degradation of radio map for the scenario of sparsely calibrated fingerprints. Finally, the parameters involved in designing the neighbor weight matrices in semi-supervised manifold alignment approach have also been carefully studied.
III. RADIO MAP CONSTRUCTION A. SAMPLE CAPACITY DETERMINATION
In our system, we propose to use the hypothesis testing approach to minimize the number of RSS samples required to be collected at each RP, which can effectively characterize the corresponding RSS statistic property.
According to the central limit theory of great numeral, when the number of trials is sufficiently large, the probability distribution of the independent and identicallydistributed variables approximately obeys the normal distribution. Based on this, we uniformly calibrate n RPs in target environment and collect the corresponding RSS data as is the jth RSS sample from the lth AP at the ith RP, N and m stand for the number of APs and samples at each RP respectively. We set the expectation and variance of RSS samples from the lth AP at the ith RP as E(rss ijl ) = µ i1l and D(rss ijl ) = σ i1l 2 . Without introducing ambiguity, we use µ 1 and σ 1 2 for short in the results that follow. Then, the standardization of the sum of RSS samples from the lth AP at the ith RP equals to
When the value m is sufficiently large, we have
Based on (4), we can obtain that the arithmetic mean of RSS samples,X = m .X at each RP [35] . According to the 3σ rule [36] , we define the acceptable range of RSS mean error as |µ 1 − µ| ≤ σ 1 . When the hypothesis H 0 is true, the decision-making judgment may incorrectly reject H 0 , which incurs the type 1 error [37] . In response to this problem, we restrict the probability of occurrence of the type 1 error lower than a pre-set significance level α (0 < α < 1). On the contrary, when the hypothesis H 0 is not true, the decision-making judgment may also incorrectly accept H 0 , which incurs the type 2 error [37] . Since the probability of occurrence of the type 2 error significantly depends on the RSS sample capacity, we apply the VOLUME 5, 2017 ECF to minimize the number of RSS samples required to be collected at each RP by restricting the probability of accepting H 0 not higher than a pre-set threshold β. In our system, we set α = β = 0.05, which are also used in [36] . Specifically, we formulate a bilateral hypothesis testing problem as
where δ is the permissible error range. We define the ECF as β (µ) = P µ (acceptH 0 ), which is the probability of making the correct judgment when µ ∈ H 0 . Based on the Z-test [38] , the ECF can be calculated by
where
δ , in which the values of z α/2 and z β are determined by the standard normal distribution table [37] .
Under the acceptable range of RSS mean error |µ 1 − µ| ≤ σ 1 , the probability of occurrence of the type 2 error is restricted and the corresponding sample capacity can be determined simultaneously. According to the relations of
δ , we can calculate that m ≥ 12.99. In our system, considering the complicated variation of signal propagation, we set N s = 20.
B. FINGERPRINTS INTERPOLATION
For the sake of achieving the low fingerprints calibration effort, the radio map is desired to be constructed from the sparsely calibrated RPs. To meet this goal, we aim to increase the density of RPs by interpolating every new fingerprint from its neighbors. Specifically, we define the sets of the total, calibrated, and newly-added RPs as L, L 1 , and L 2 (L = L 1 + L 2 ) respectively. Then, the new fingerprint from the ith AP at each newly-added RP is interpolated by
where s ji is the fingerprint from the ith AP at the jth neighbor of the newly-added RP, s ji is the second order
d j is the Euclidean distance between the newly-added RP and its jth neighbor.
IV. RADIO MAP ENRICHMENT A. PROBLEM FORMULATION
To construct the mapping relations between the highdimensional signal space (with dimensions of N ) and the corresponding low-dimensional physical space (with dimensions of d), the proposed semi-supervised manifold alignment approach is designed to satisfy the following two requirements. The first one is to preserve the neighborhood relations of the data in both of these two spaces, while the second one is that these two spaces share the same underlying manifold even if they exhibit different shapes [39] . Specifically, by setting N l and T p as the number of labeled and unlabeled data respectively, the high-dimensional signal space can be represented as X = x 1 , · · · , x N l +T p , where x i = {rss i1 , · · · , rss iN }. Based on the spectral graph theory [40] , we can construct an undirected graph G = (V , E) corresponding to X, in which the sets of vertices and edges, V and E, stand for the sets of RSS samples and the corresponding neighborhood relations. For example, the vertices x i and x j are connected in G under the condition that x j belongs to the set of the k nearest neighbors of x i or x i belongs to the set of the k nearest neighbors of x j . Then, we use the Laplacian Eigenmap (LE) algorithm [41] to map G into a d-dimensional space q = q 1 , · · · , q N l +T p based on the criterion of minimizing the objective function
θ is the kernel parameter. Since 
where the constraint q T Dq = 1 removes the arbitrary scaling to prevent the collapse of mapping into a space with dimensions lower than d − 1. Using the Lagrange multiplier approach, we have Lq = λDq (10) where λ is the Lagrange multiplier.
is the eigenvector corresponding to the eigenvalue 0, which cannot characterize the RSS statistic property in signal space, we add another constraint q T D1 = 0 to remove the translation invariance of q, such that
Based on the Rayleittz-Riz theorem [42] , the solution to (11) can be given by the set of eigenvectors q T = [v 2 , · · · , v d+1 ], which are corresponding to the smallest d non-zero eigenvalues of the generalized eigenvalue problem Lq = λDq.
B. PROPOSED SOLUTION
With the purpose of preserving the neighborhood relations of the data in both the signal and physical spaces, we construct the neighborhood weight matrices (or called manifold graphs) with respect to the RSS samples X =
, and locations of labeled 
if the i th and j th data are connected 0, otherwise (12)
if the i th and j th data are connected 0, otherwise (14) where the ith and jth data are connected under the condition that the jth data belongs to the set of the k nearest neighbors of the ith data or the ith data belongs to the set of the k nearest neighbors of the jth data,T thr is a threshold of timestamps correlation, d l i , l j is the Euclidean distance between l i and l j , and the heat kernel parameters θ r , θ t , and θ dist are determined by the kernel alignment approach, which will be carefully discussed in the following section. Then, we rep-
, where W l r , W u r , and W lu r stand for the neighborhood weight matrices with respect to the labeled and unlabeled RSS samples, and the one between them, and W ul r is the transposition of W lu r . Based on (12)- (14), we can construct the neighborhood weight matrices with respect to the labeled and unlabeled data in (15) and (16) respectively. (15) where α is a relative weight. Then, we construct the Laplacian operators with respect to the labeled and unlabeled data, and the one between them, L l , L u , and L lu , in (17)- (19) respectively. (19) where the (i, i) th element in the diagonal matrices D l , D u , D lu , and D ul is calculated by
Therefore, we can construct the composite Laplacian matrix in (21) .
where µ is a relative weight. To guarantee that the data mapped from the labeled RSS samples are located as close as possible to their corresponding physical locations, we construct a new target function in the proposed semi-supervised manifold alignment approach aŝ
where h = 1, 2, γ is a relative weight,
, q (h) and Y (h) stand for the hth Finally, by calculating the derivative of the right term in (22), we have
To be clearer, the mapping relations between the signal and physical spaces by the proposed semi-supervised manifold alignment approach are shown in Fig. 1. 
V. PARAMETERS OPTIMIZATION A. DISTANCE DEFINITION 1) IN SIGNAL SPACE
Although the Euclidean distance measure has been widely used in the conventional manifold alignment approaches, Torres-Sospedra et al. [43] claim that it cannot be effective for the multi-building and multi-floor fingerprint database construction. In response to this problem, we propose to use the Bray-Curtis distance (or called Sorensen distance) [44] to measure the similarity of the data in signal space, which is defined as the sum of absolute subtraction of the data over the sum of their absolute addition, as shown in (24) .
where x m i is the RSS data collected from the mth AP at the ith RP.
Using this new similarity measure, we can rewrite (12) into
θr , if the ith and j th data are connected 0, otherwise
2) IN PHYSICAL SPACE
Considering the environmental layout, we apply the A-star algorithm to calculate the distance between every two RPs based on the heuristic calculation theory [45] . The A-star algorithm is recognized as the best-first path-finding algorithm, which enables to construct the least-cost path from the starting to ending locations. Based on this, we define the heuristic function f (x) to measure the path cost with respect to each location x in (26) .
where g (x) is the distance from the starting to current locations and h (x) is defined as an acceptable heuristic estimation of the distance [46] from the current to ending locations. The pseudo code of A-star algorithm used for calculating the distance between every two RPs in physical space is described in Figure 2 .
B. KERNEL PARAMETERS
In our system, we optimize the kernel parameters θ r , θ t , and θ dist by using the kernel alignment function to measure the similarity between the kernel and target matrices [47] . Specifically, we construct a labeled matrix in which the jth element in z l i , z l i j , equals to 1 under the condition that x i is collected at the jth RP, and otherwise it equals to 0. As discussed in the previous section, the number of RSS samples required to be collected at each RP is optimized to be 20, and thereby the target matrix can be constructed
, in which the (i, j) th element in J equals to 1 under the condition that x i and x j are collected at the same RP, and otherwise it equals to 0. Then, the kernel alignment function with respect to the kernel and target matrices, W l r and J, is constructed as
for the Frobenius norm with respect to W l r and J, W l r and W l r , and J and J respectively. The larger value A r indicates the smaller distance between the data collected at the same RP, but the larger one at different RPs. Therefore, the problem of optimizing the kernel parameterθ r can be converted intoθ r = arg max θ r A r (28) Similarly, the problem of optimizing the other two kernel parameters θ t and θ dist can also be converted into the one of maximizing the kernel alignment function by substituting the kernel matrix with W u t and W l loc respectively. Finally, the pseudo code of the proposed semi-supervised manifold alignment approach for the hybrid fingerprint database construction is described in Figure 3 . Fig. 6 shows the RSS heat maps, as well as the similarity coefficients between different sample capacities, which are calculated by the Pearson correlation [48] . From this figure, we can find that the similarity coefficient between the sample capacities of 20 and 100 is significantly high. We take the RSS samples collected from AP2 in area 3 as an example. The similarity coefficient between the sample capacities of 10 and 100 is 75.82%, while the one between the sample capacities of 20 and 100 increases remarkably to 91.93%. Thus, it can be demonstrated that the RSS statistic properties under the sample capacities of 20 and 100 are much similar. Fig. 7 shows the values of kernel alignment function with respect to different kernel parameters. From this figure, we can find that the value of kernel alignment function decreases with the increase of the values θ t and θ dist , while it reaches the maximum when θ r = 0.8. Thus, we set θ t = 0.1, θ dist = 0.1, and θ r = 0.8 in our system.
VI. EXPERIMENTAL RESULTS

A. ENVIRONMENTAL LAYOUT
2) KERNEL PARAMETERS
3) RELATIVE WEIGHTS
In Fig. 8(a) , by setting µ = 5 and γ = 0.1, 0.3, 0.5, 0.7, 0.9, we show the average positioning errors with the value α increases from 0.1 to 1, and in Fig. 8(b) , we set µ = 5 and α = 0.1, 0.3, 0.5, 0.7, 0.9 to show the average positioning errors with the increase of value γ from 0.1 to 1. From these figures, we can find that the average positioning error consistently increases with the increase of values α and γ . In Fig. 8(c) and 8(d) , we set α = 0.1, µ = 1, 5, 9, 13, 17 and α = 0.1 and γ = 0.1, 0.3, 0.5, 0.7, 0.9 to show the variation of average positioning errors with respect to γ and µ respectively. As can be seen from these figures, for a given value α = 0.1, the average positioning error increases with the increase of value γ , while in the overwhelming majority of cases, it reaches the minimum when µ = 5. Thus, we set α = 0.1, µ = 5, and γ = 0.1 in our system. Fig. 9 compares the Cumulative Distribution Functions (CDFs) of positioning errors by using the proposed hybrid fingerprint database with and without timestamps. From this figure, we can find that with the help of timestamps, the probability of errors within 3 m is 75.96%, which is about 12 percentages higher than the one without timestamps. This result can be interpreted by the fact that the timestamps help a lot in preserving the neighborhood relations of every two consecutive RSS samples in each user trace, which are beneficial for the labeling of the unlabeled data. Fig. 10 shows the estimated locations by using the proposed Bray-Curtis Distance and A-star Algorithm based Manifold Alignment (BCD+AA-MA) radio map and other four typical types of radio map, namely Point-by-Point (PbP) [20] , Cubic Spline Interpolated (CSI) [49] , Euclidean Distance based Manifold Alignment (ED-MA) [50] , and Euclidean Distance based Cubic Spline Interpolated and Manifold Alignment (ED-CSI+MA) [51] radio maps. To illustrate this result clearer, the corresponding CDFs of errors are compared in Fig. 11 . From this figure, we can find that the proposed radio map performs best in terms of positioning accuracy.
4) TIMESTAMPS
C. LOCALIZATION PERFORMANCE
We continue to show the average positioning errors under different ratios of labeled RPs 1 in Fig. 12 . From this figure, we can find that as the ratio increases, the localization accuracy improves for all the types of radio map. In addition, as the ratio decreases, the proposed radio map shows to be more robust in localization performance compared with the other four. For example, when the ratio decreases from 1 to 0.2, the average positioning error by the proposed BCD+AA-MA increases from 2.23 m to 2.32 m (by 4%), while the one by the PbP, CSI, ED-MA, and ED-CSI+MA increases from 2.32 m to 5.09 m (by 119%), from 2.27 m to 3.21 m (by 41%), from 2.29 m to 3.75 m (by 63%), and from 2.31 m to 3.00 m (by 30%) respectively. Fig. 13 compares the radio map construction cost under different ratios of labeled RPs. From this figure, we can find that the time cost for the proposed radio map construction is much lower than the one for the CSI, ED-MA, and PbP radio map construction. By taking the ratio of 1 as an example, the proposed radio map construction requires collecting 20 RSS samples at each of the 327 labeled RPs and 1210 unlabeled data on 10 user traces, which costs 7750(=20×327+1210) s in total. However, the time cost for the PbP radio map construction is up to 32700(=100×327) s, which costs about 7 hours more than the one for the proposed radio map construction.
D. CONSTRUCTION COST
VII. CONCLUSION
In this paper, we have investigated a new approach of reducing the effort of fingerprint database construction for indoor WLAN localization by decreasing both the number of labeled RPs and RSS sample capacity. The proposed semi-supervised manifold alignment approach is verified to be able to label the unlabeled data with physical locations, which can help a lot in enriching the raw sparse radio map, and consequently save the time and labor cost for fingerprints calibration. In future, we will continue to study the effectiveness and efficiency of the proposed system applied in a more complicated indoor environment, such as the multi-floor environment, and meanwhile explore the unsupervised manifold alignment approach to further reduce the fingerprints calibration cost for indoor WLAN localization. XIAOLONG GENG received the bachelor's degree from the Chongqing University of Posts and Telecommunications, where he is currently pursuing the master's degree. His research focuses on WLAN indoor localization.
